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We present and evaluate the application of the ”Reconstructed Image from Simulations Ensemble”
(RISE), a novel tomographic image reconstruction method, in infrared tomography. We demonstrate
that established methods of photon emission tomography, widely used with penetrating ionizing ra-
diation, are applicable to infrared radiation. RISE, the method of choice, employs statistical physics
concepts and utilizes Monte Carlo techniques to construct the imaged object from its infrared planar
projections. The validity of the InfraRed Emission Tomographic (IRET) method is demonstrated,
and the efficacy of RISE is evaluated with A) simulated data and B) experimental sets of infrared
projections obtained from a thermal phantom with an infrared camera. For the simulation studies
presented, the reconstructed images obtained with RISE and the well - known Algebraic Recon-
struction Technique (ART) and Maximum Likelihood Expectation Maximization (MLEM) method
were evaluated using well-established metrics.
I. INTRODUCTION
Thermal Imaging provides a diagnostic imaging modal-
ity that can be used to visualize the temperature distribu-
tion in semi-opaque media (such as tissue and skin layer)
from sets of infrared radiation measurements [1, 2]. Uti-
lizing non-ionizing radiation this imaging modality allows
non-invasive measurements of temperature fluctuations
in the human body caused by an abnormal generation
of heat in the examined volume of interest. These fluc-
tuations which are related to potential abnormalities of
the cells’ metabolic activity can be correlated to other
symptoms and medical imaging observations to indicate
various pathogenies [3].
Currently, the technique of thermal imaging is being
explored and is considered potentially valuable for a num-
ber of medical applications including the monitoring of
chemotherapy [4], the diagnosis of inflammatory arthri-
tis [5], osteoarthritis [6–9] and the assessment of periph-
eral circulation [10]. Much effort has been extended for
the detection of malignant diseases [11–13] and in partic-
ular for breast cancer [14–17]. Melanomas can be identi-
fied and localized within the skin layers of the patient by
examining the different patterns of temperature distribu-
tion [1]. Various studies report that the heat generated
due to the presence of cancerous lesions within the body
can be up to ten times higher than that generated by
healthy tissue [18, 19]. This deviation is caused by the
abnormally higher metabolic activity of the malignant
cells [14].
Thermal imaging, despite the promise, has not been
yet accepted as a technique which can be used to provide
accurate and reliable diagnostic information. The main
limiting factor derives from the fact that the infrared
radiation emitted from the inner organs is diffused, ab-
sorbed and scattered by the intermediate tissues before
∗ Corresponding author:cnp@cyi.ac.cy
exiting the skin surface. As a result, the obtained in-
frared images from a source below a certain depth in
the body are blurred and of low-resolution [20]. The re-
sults mentioned above highlighting the promise of ther-
mal imaging as a medical diagnostic tool refer to single
planar imaging (thermography). The obvious next step
for further development that of going from planar imag-
ing to tomographic imaging has hardly been explored
presumably because of the same reasons. Few successful
attempts utilizing the traditional image reconstruction
algorithms of emission tomography have been reported
for 3D reconstruction of the flame temperature distribu-
tion [21, 22]. In these studies, the tomographic images
were produced in ”idealized” conditions using static in-
frared projections acquired in the absence of an interme-
diate absorber or scatterer. To date, the tomographic
image reconstruction of the temperature distribution in
an absorbing medium from the set of its infrared image
projections remains a challenging problem with untapped
potential.
II. OBJECTIVES
The overarching objective of the work presented here is
to demonstrate that infrared emission tomographic imag-
ing is feasible and promising when implemented with the
Reconstructed Image from Simulations Ensemble (RISE)
technique. In particular this manuscript endeavors to:
I Extend the well established and widely used
methodology of emission tomography with ionizing
radiation (Positron Emission Tomography (PET)
or Single Photon Emission Computed Tomography
(SPECT)) to Infrared Radiation Emission Tomog-
raphy (IRET) utilizing infrared radiation. Enable
the extension of IR imaging from the single thermal
planar imaging ( thermography) to a tomographic
modality visualizing the 3D temperature distribu-
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tion in an absorbing and scattering medium.
II For the first time reconstruct tomographic im-
ages from hotspots embedded in a semitransparent
medium.
III Evaluate the success of implementing the proposed
methodology employing the well established tomo-
graphic reconstruction techniques ART, MLEM,
and RISE by utilizing software and hardware phan-
toms. Quantify the quality of the constructed to-
mographic images using well-accepted metrics and
demonstrate that RISE is best suited for IRET.
The argumentation and the results supporting the
achievement of the objectives as mentioned above are
presented as follows: the fundamental aspects of the
IRET problem are reviewed, and the mathematical foun-
dations of IRET as an inverse tomographic problem are
presented in Section III (”IRET Methodology”). The
MLEM, the ART, and the RISE tomographic recon-
struction methods are introduced in Section IV (”Image
Reconstruction”). In Section V (”Simulation Studies”),
software phantoms are utilized to benchmark the perfor-
mance of the various reconstruction methods in IRET
along with the appropriate metrics quantifying the qual-
ity of the reconstructed images. In Section VI (”Thermal
Phantom”), an elaborate hardware phantom is employed
to showcase IRET in achieving the stated objective. A
summary of the presented results and an assessment of
achieving the stated objectives along with suggestions for
future work is presented in Section VII (”Conclusions”).
III. INFRARED EMISSION TOMOGRAPHY
(IRET) METHODOLOGY
The IRET problem concerns the reconstruction of to-
mographic images depicting the temperature distribution
of the imaged structure derived from its infrared planar
projections obtained at different angles.
IRET can be formulated as an inverse proble by assum-
ing that the temperature distribution in the tomographic
plane is represented by the 2D function T (x, y) and that
the intensity of the radiative power per unit wavelength
(λ) emitted from a point (x, y) can be calculated through
the Planck’s formula [23, 24]:
I(T (x, y), λ, x, y) = (λ) · c1
piλ5
· (exp( c2
λT (x, y)
)− 1)−1
(1)
where (λ) is the wavelength depended emissivity of the
imaged material and c1 = 3.7417 · 10−16Wm2, c2 =
1.4387 · 10−2mK are the first and second radiation con-
stants respectively.
Utilizing a more convenient coordinate system (t, s) :
t = x · cos(θ) + y · sin(θ) (2)
s = −x · sin(θ) + y · cos(θ) (3)
FIG. 1. Diagram showing the geometry of the infrared tomo-
graphic problem. The total intensity of radiative energy per
unit wavelength R(λ, t, θ) detected by an infrared camera is
equal to the line integral of the intensity of the radiative en-
ergy per unit wavelength I(T, λ, s, t) emitted from the points
(s, t) lying on the line path (s1, s2) and attenuated along the
line path (s, s2).
where θ is the angle of the camera rotation, the inten-
sity of the radiative power per unit wavelength which is
transmitted along the line path L and being detected at
(t, θ) by the detection unit is given by:
R(λ, t, θ) =
∫ s2
s1
I(T (s, t), λ, s, t) e
(
− ∫ s2
s
k(λ,s′,t)ds′
)
ds
(4)
where k(λ, s, t) is the wavelength dependent attenuation
coefficient of the imaged object. The geometry of the
above problem is best explained with the help of Figure
1.
For an infrared detector (camera) operating in the
spectral range (λ1, λ2), the total radiative energy be-
ing detected is:
R0(t, θ) = ∆τ∆S
∫ λ2
λ1
R(λ, t, θ) dλ (5)
where ∆τ is the exposure time and ∆S is the area of the
camera’s sensor.
For the infrared window (λ1 = 7.5 µm, λ2 = 13.0 µm)
and the temperature range (300 K - 340 K) examined in
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FIG. 2. (A) The intensity of the radiative power as a function
of the wavelength plotted for different values of temperature.
(B) The continuous curve indicates the total radiative energy
R0 emitted in the spectral window (λ1 = 7.5 µm, λ2 = 13.0
µm) and detected by a detector of 30×30 µm2 size (typical
size of thermal camera sensor) within a time window of 10 ms
(typical exposure time of a thermal camera). R0 is plotted
as a function of the temperature T . The dotted line provides
the linear approximation of R0 in the temperature range (300
K- 340 K).
this work, the relation between the detected radiative en-
ergy R0 and the temperature distribution T (x, y) of the
imaged object can be approximated by a linear function
(Figure 2). We need to highlight that the linearization
of the emitted radiative energy R0(t, θ) as a function of
temperature allows the formulation of IRET as a conven-
tional emission tomographic problem. The IRET prob-
lem can then be formulated as a system of equations de-
scribed by a projection matrix. In such a formulation of
the infrared tomographic problem, a bin measurement Ri
corresponding to the total energy transferred by a finite
width beam can be estimated from the sum:
Ri =
N2∑
j=1
PijFj (6)
where, Fj is the vector representation of the tomographic
image of the temperature distribution, N2 is the num-
ber of image elements, and Pij is the projection matrix
weighting the contribution in transmitted photons of the
jth image element to the ith bin (pixelated) measure-
ment.
In emission tomography [25, 26], the Projection Matrix
Pij not only provides the geometric weight with which the
Fj element (pixel/voxel) contributes to Ri, it also incor-
porates all the attenuation and scattering effects that the
emitted photons undergo along their path to the detec-
tor. Unlike the x-ray or γ-ray regions, in the infrared re-
gion, the dominant light-tissue interaction is elastic scat-
tering, and the ability to accurately incorporate its ef-
fects is important. The incorporation of attenuation and
scattering into Pij may entail detailed and cumbersome
cascade calculations. In this generalized approach, the
association of R(λ, t, θ) to I(T, λ, s, t) via the Projection
Matrix can no longer be interpreted in terms of simple
geometrical optics as in Figure 1, but rather as the re-
sponse of the detector element to the source of radiation
regardless of how the photon reached it (directly or via
scattering). Methods for modeling light propagation in
tissue [27–29] are well developed, and the methodology
above allows their implementation for specific cases. In
real samples (e.g. in infrared tomographic medical imag-
ing), knowledge about the morphology (structure) and
the optical properties (attenuation and scattering cross
sections) will be taken into account for the construction
of the Projection Matrix.
In the examples presented in this methodological pa-
per, we examine cases where uniform attenuation suffices.
In such cases,
Pij = P˜ij exp(−kurij) (7)
where P˜ij is the ”bare” Projection Matrix which
takes into account only the geometrical weight of each
pixel/voxel, ku is a uniform attenuation coefficient char-
acterizing the imaged medium, and, rij is the distance
of the jth image element from the boundaries of the im-
aged volume, measured in the direction towards the ith
pixelated detector of the thermal camera system.
The simplified uniform attenuation map employed in
this work provides a good approximation of the attenua-
tion effects characterizing a homogeneous medium; such
is the case of the hardware phantom examined in this
study. Different and more complex attenuation and scat-
tering models can be employed if knowledge on the mor-
phology of the medium is available, as it is expected to
be the case in applying IRET to medical imaging.
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IV. IMAGE RECONSTRUCTION
A. Iterative Reconstruction Techniques
Two widely used reconstruction techniques are em-
ployed in this study to solve the image reconstruction
problem defined in Equation 6 and provide reference im-
ages for comparison are the Algebraic Reconstruction
Technique (ART) and the Maximum Likelihood Expec-
tation Maximization (MLEM) method. ART [30, 31]
and MLEM [32, 33] are well established and widely
used methods in emission tomography, although MLEM
invariably yields superior results and it is widely re-
garded as representing the ”State of the Art” method.
Both methods are capable of incorporating the projec-
tion model of Equation 6 and can provide reconstruction
results using sets containing a limited number of pla-
nar projections [34]. In the present work, the Newton-
Raphson variant of ART [35] and an accelerated version
of MLEM [36] were used for the reconstruction of the
tomographic images.
B. The Reconstructed Image from Simulations
Ensemble (RISE)
RISE provides an alternative method to ART and
MLEM for tomographic image reconstruction. Based on
the AMIAS framework [37–39], RISE produces images
by parametrizing the physical characteristics of the im-
aged ”target” and simulating a large ensemble of image
configurations, each one corresponding to a solution of
the tomographic problem. In the case of IRET, the term
”target” is used to represent a source of thermal radia-
tion. In AMIAS and RISE, each of the numerous ran-
domly generated solutions describing the characteristics
of the target is assigned a weight quantifying its ”good-
ness” of representing the projection data. The image is
reconstructed by statistically weighting the entire ensem-
ble of the simulated solutions. The formulation of RISE
and the mathematical concepts of AMIAS are presented
elsewhere [37–40]. In this work, we summarize the es-
sential features of the method and the specific choices
required to implement it in the IRET problem; they are
described in the next paragraphs.
1. Modeling the Imaged Object
A model parametrized by a set of parameters is cho-
sen to represent the physical characteristics of the target.
Prior knowledge can be incorporated at this step to en-
dow the scheme with Bayesian capabilities. The model
employed in RISE to describe the temperature distribu-
tion is that of a summation of elementary sources (shown
in Figure 3) having an ellipsoidal shape and embedded
in a slowly varying background:
FIG. 3. The ellipsoidal model employed in the realization
of RISE to represent the ”elementary” shape of a thermal
source. A sum of such elementary shapes superimposed on
a smoothly varying background represents the distribution of
temperature in the tomographic plane.
T (x, y) =
Mz∑
i=0
i∑
j=−i
Cji Z
j
i (x, y)+
Ns∑
i=1
Ai(exp(
ri − r0i
sir0i
)+1)−1
(8)
where:
• Zji (x, y) is a set of Zernike polynomials [41, 42] rep-
resenting the background tempereture distribution
and Cji are their associated amplitudes,
• Mz defines the total number of such polynomial re-
quired to approximate the background distribution,
• Ns is the total number of elementary ellipsoidal tar-
gets,
• Ai is the amplitude of temperature at the center of
the ith target,
• ri is the euclidean distance of a point (x, y) lying
on the tomographic plane from the center (xi, yi)
of the ith target,
• si is a coefficient defining the ”sharpness” of the
temperature distribution in the surrounding by the
source medium, and,
• r0(θ) is a geometrical factor given as a function
of the semi-major u and semi-minor v axes of an
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ellipse respectively:
r0(θ) =
u · v√
(v · cos(φ− θ))2 + (u · sin(φ− θ))2 (9)
where the angle φ is the above parametric equation
defines the orientation of the target in the tomo-
graphic plane.
2. Composing the Ensemble of Solutions
A Monte-Carlo procedure is used to sample the pa-
rameters of interest. Each set of sampled parameter val-
ues constituting a solution to the tomographic problem
is used in Equation 8 to construct a tomographic image
configuration. A set of projections is simulated from the
tomographic image by employing the forward projection
model presented in Equation 6. For each solution, the
model estimated projections are compared to the mea-
sured projections through the χ2 criterion:
χ2 =
∑
i
(Ri − Yi)2
2i
(10)
where i is the associated error of the i
th projection mea-
surement. The χ2 value is assigned to the solution to
quantify its goodness of representing the data. The pro-
cedure is repeated to construct a large ensemble of pos-
sible solutions (typically 105 to 106), which as prescribed
by the RISE method, is statistically weighted to deter-
mine the parameters of interest.
One of the distinct features of RISE and the underly-
ing AMIAS, which sets it apart from the standard recon-
struction methods, is that it can incorporate any forward
model simulating the propagation of the radiative energy
from the source to the detector. This forward model can
be a function or a functional describing a very complex
propagation process such as the entire cascade of non-
uniform absorption and re-scattering.
3. Determining the parameters of interest
The RISE reconstruction process allows through dif-
ferent techniques [37, 38, 40] the determination of the to-
tal number of terms (Ns) which are needed in the model
(Equation 8) to represent the thermal sources. The num-
ber Nopts best describing the data is selected as the one
minimizing the Bayesian Information Criterion (BIC)[43]
given by the formula:
BIC = χ2min(Ns) + (7 ·Ns + 1) · log(M) (11)
where the χ2min(Ns) is the minimum χ
2 value in the en-
semble of solutions constructed for the model of Ns terms
and M is the number of ray projections used for the re-
construction of the tomographic image.
Having defined the number Nopts , the solutions in
the corresponding ensemble are weighted with the
probability value exp(− 12χ2) to derive the Probabil-
ity Distribution Functions (PDFs) of the parameters
(Ai, xi, yi, ui, vi, φi, si). Mean values and associated un-
certainties are derived from the PDFs and used in Equa-
tion 8 to reconstruct the tomographic image of the tem-
perature distribution.
V. SIMULATION STUDIES
The validation of IRET and in particular the success
of RISE in IRET has been accomplished with simulated
data from numerical phantoms and real data from an
experimental study with a hardware phantom.
In three case studies employing five software phantoms,
the ability of ART, MLEM, and RISE to reconstruct the
image of the ”true” temperature distribution has been
examined using simulated sets of noisy infrared projec-
tions.
A. Image Quality Metrics
The objective assessment of a reconstruction method
requires the calculation of different metrics quantifying
the quality of the produced images. For the simulation
studies presented, the metrics employed for this task are
the Correlation Coefficient (CC), the Normalized Mean
Square Error (NMSE), the Peak Signal-to-Noise Ratio
(PSNR), the Contrast-to-Noise Ratio (CNR) and the
Structural SIMilarity (SSIM) index.
CC, which provides a spatial similarity measure be-
tween two images [44], is given by:
CC =
∑N2
i=1(F
a
i − F¯ a)(F bi − F¯ b)√∑N2
i=1(F
a
i − F¯ a)2
∑N2
i=1(F
b
i − F¯ b)2
(12)
where N2 is the total number of image pixels, F ai and F
b
i
are the pixel values of the reconstructed and ”true” image
respectively, and F¯ a, F¯ b are their corresponding average
pixel values. The CC as a metric expressing the spatial
similarity between two images it was used to evaluate
the capability of ART, MLEM and RISE to adequately
resolve the geometrical characteristics of the imaged ”tar-
gets”.
The NMSE and PSNR metrics were used to calculate
the overall reconstruction error and to provide, respec-
tively, a global measure of image contrast. The two met-
rics are defined as:
NMSE =
∑N2
i=1(F
a
i − F bi )2∑N2
i=1 F
b
i
2 (13)
PSNR = 10log10
(
N2 ·max(F b)2∑N2
i=1(F
a
i − F bi )2
)
(14)
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CNR is meant to objectively evaluate the detectability
of a ”target” in a noisy background. It provides a local
measure of contrast; it was calculated on a Region of
Interest (ROI) extracted from the reconstructed image
through the formula:
CNR =
T¯ − B¯
σB
(15)
where T¯ is the average reconstructed temperature value
in the target ROI, B¯ and σB is the average and the
standard deviation, respectively, of image elements cor-
responding to the background ROI.
The SSIM index is calculated on the reconstructed im-
ages with respect to the ”true” phantom images to quan-
tify their visual similarity. SSIM is defined as a multi-
plicative combination of three indexes, namely the lumi-
nance index (l), the contrast index (c) and the similarity
index (s) [45]:
SSIM = l · c · s (16)
where the indexes l, c and s are defined in terms of the
average pixel values F¯ a and F¯ b, the standard deviations
σa and σb, and the covariance σab of the reconstructed
(a) and ”true” (b) images:
l =
2F¯ aF¯ b + C1
F¯ a
2
+ F¯ b
2
+ C1
(17)
c =
2σaσb + C2
σ2a + σ
2
b + C2
(18)
s =
σab + C3
σaσb + C3
(19)
The coefficients C1, C2 and C3 are constants introduced
to prevent numerical instabilities when the denomina-
tors in the above equations are close to zero [45]. Unlike
the CC index evaluating the spatial characteristics of an
image, the SSIM index accounts for the additional com-
parisons of pixel intensities to quantify the similarity in
luminance and contrast between the reconstructed and
”true” image.
B. Numerical Phantoms and Projection Data
Generation
Five numerical phantoms, shown in Figure 4, were
used to generate the sets of infrared projections. The
phantoms simulating the presence of thermal sources
(”hotspots”) were defined on rectangular grids of 64×64
pixels.
In the first phantom (”A”), the two depicted sources
were generated using the radial temperature distribution:
T (r) = T0 ·
(
θ(R0 − r) + θ(r −R0) · R0
r
)
(20)
where T0 is a constant coefficient representing the tem-
perature within the area of each hotspot, R0 is the radius
of the hotspot, and:
θ(x) =
{
1, for x ≥ 0
0, for x < 0
Phantom ”B” has the same geometry as phantom ”A”;
however, the radial temperature distribution in the
medium surrounding each source exhibits a Gaussian
profile, given by the equation:
T (r) = T0 · exp
(− 1
2
r2
R20
)
(21)
where, in this radial profile, the constant coefficient T0
represents the temperature at the center of the hotspot
and R0 is a constant defining the diffusion of temperature
in the surrounding medium. For both phantoms (”A”
and ”B”), the coefficient R0 was set to 2 pixel units.
Phantom ”C” is a variant of the Shepp-Logan mathe-
matical phantom; it consists five ”hotspots” of different
size and orientation having a Gaussian radial profile (see
Equation 21). The parameters values defining the five
hotspots are given in Table I.
Phantom ”D” consists the same five hotspots of phan-
tom ”C” embedded in a disk having a non-uniform and
non-symmetric temperature distribution. The temper-
ature distribution of the disk introducing physical ef-
fects of background into the projection data was defined
as a second order polynomial of the (x, y) coordinates.
The maximum temperature of the background was set to
2.2◦C. Both ”C” and ”D” phantoms present challenging
cases having five hotspots of different size, temperature,
and orientation. Given that the projection data were
generated by simulating attenuation conditions, the re-
construction of all hotspots and especially of the one in
the middle, lying between the two larger ones, is partic-
ularly difficult.
Phantom ”E” was also generated to present a non-
uniform - non-symmetric temperature distribution. It
presents two small hotspots, each one having a Gaussian
radial profile (Equation 21) and a radius of 2 pixel units.
The temperature T0 of the two hotspots was set to 2
◦C,
whereas the maximum temperature of the background
was equal to 2.2◦C.
Sets of 24 infrared projections were generated from
each phantom using the forward projection model of
Equation 6. For each simulation case, the set of 24 pro-
jections was generated in the full 360◦ angular range with
a constant angular step of 15◦. The detected infrared
radiation Ri resulting from the true temperature distri-
bution Tj was calculated using the linearization of the
problem as provided in Equation 6 for the spectral range
[7.5µm, 13µm] assuming that (λ) = 1. The uniform at-
tenuation coefficient of the medium ku was set to the
value of 0.1/wp where wp is the size of a pixel. Each pro-
jection was generated as a vector of 91 rays (NR = 91)
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FIG. 4. The five numerical phantoms used in the simulation studies to evaluate different aspects of the RISE reconstruction
methodology.
TABLE I. Descriptors of the Shepp-Logan variant - ”Phantom C” - shown in Figure 4.
”Object” Temperature T0 Position (x, y) Size (u, v) Orientation θ
(◦C) (pixel units) (pixel units) (degrees)
a 2 (42.2, 34.0) (7.9, 2.8) 72
b 2 (22.0, 34.0) (10.5, 4.1) 108
c 3 (32.1, 48.0) (6.4, 5.4) 0
d 4 (32.1, 30.0) (1.2, 1.2) -
e 3 (32.1, 9.8) (3.0, 1.7) 0
and further randomized with Gaussian distributed noise
(n ∼ N (0, 0.12)).
The simulated sets of projections were used in three
distinct studies examining ART, MLEM and especially
RISE in IRET:
A Model Capacity : The model formulated in RISE
(Equation 8) is examined in its capability to
provide sufficient reconstruction results when the
”true” temperature distribution has a general and
not necessarily the same radial temperature profile.
Both of the two phantoms (”A”, ”B”) defined by
setting the temperature coefficient T0 to 4
oC were
used in this study.
B Resolving of Temperature Differences: The efficacy
of ART, MLEM, and RISE to reconstruct images
revealing small differences in the temperature dis-
tribution is examined by the use of the phantom
”A”. In three simulation cases, the temperature
coefficient T0 was varied from 1
oC to 3oC with a
step size of 1oC to produce different realizations of
the temperature distribution.
C Non-uniform Background Distribution: This study
was conducted to examine the capability of the
three reconstruction methods to identify hotspots
in the strong background. The effects of the non-
uniform - non-symmetric background distribution
on the reconstruction quality were examined us-
ing the numerical phantoms ”C” and ”D”. The
phantom ”E”, also presenting a non-uniform - non-
symmetric background distribution was used to as-
sess the detectability of small-sized targets in the
7
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FIG. 5. (A) Reconstructed images of the phantoms ”A” and ”B” obtained in the first simulation study (”Model Capacity”)
with RISE, ART, and MLEM. The temperature profiles drew from the reconstructed images across the diagonal line connecting
the centers of the two hotspots are shown for phantom ”A” (B1) and phantom ”B” (B2).
produced reconstructions.
C. Reconstruction Results
1. Model Capacity
Figure 5 shows the reconstructed images of the two
simulated phantoms as they were produced in the first
simulation study with RISE, ART and MLEM. ART and
MLEM reconstructions were obtained by performing two
and three cycles of iterations respectively.
From a visual inspection of the reconstructed images, it
can be seen that RISE images exhibit higher contrast and
TABLE II. CC, NMSE, SSIM, PSNR and CNR scores of the
reconstructed images presented in Figure 5.
Phantom A Phantom B
RISE ART MLEM RISE ART MLEM
CC 0.99 0.55 0.79 0.95 0.52 0.70
NMSE 0.01 0.81 0.49 0.05 1.19 0.75
SSIM 0.77 0.30 0.44 0.55 0.22 0.39
PSNR 33.25 16.53 12.78 32.33 16.41 11.24
CNR 6.52 2.24 3.17 13.55 1.97 3.11
less noise as compared to ART and MLEM reconstruc-
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FIG. 6. Image reconstructions obtained from the simulated projection data using RISE, ART and MLEM. The simulated
phantoms used to generate the noisy sinograms are shown in the first column of the figure.
tions. Line-profiles extracted from the reconstructed im-
ages across the diagonal line connecting the centers of the
two hotspots are depicted in the same figure. As seen, the
Fermi-like model employed in RISE yielded images that
well-resolve the two simulated temperature distributions.
The image quality metrics (CC, NMSE, PSNR, CNR,
and SSIM) comparing the reconstructed images are pre-
sented in Table II. The results confirm and quantify
the visual observations. For both phantoms, while all
the methods lead to acceptable image quality metrics,
RISE led to superior CC and SSIM values (the high-
est among the three methods) indicating its ability to
resolve the image of the temperature distribution ade-
quately. Moreover, the RISE images show an improved
contrast and hotspots detectability as indicated by the
calculated PSNR and CNR scores.
2. Resolving of Temperature Differences
RISE, ART and MLEM were used to reconstruct the
images of the phantom ”A” for three simulation cases
varying the temperature coefficient T0 in Equation 20
(T0 = 1
oC, T0 = 2
oC, T0 = 3
oC). RISE reconstructions
were produced using the Fermi-like model, the appropri-
ateness of which is validated in the previous simulation
study. For the case of ART and MLEM, the reconstruc-
tions were obtained by performing two and three grand
iterations respectively.
The reconstructed images from the three methods are
shown in Figure 6. In all three simulation cases, streak
artifacts reducing the detectability of the target are pre-
sented in ART reconstructions. RISE and MLEM images
exhibit less amount of noise and provide reconstructions
better revealing the simulated distribution of tempera-
ture. By visually examining these images it can be seen
that the boundaries of the two hotspots are well shown
in RISE and MLEM images, whereas, it is hard to detect
them in the image produced with ART.
The CC, NMSE, PSNR, CNR and SSIM scores eval-
uating the quality of the reconstructed images by the
three methods are shown in Table III. The calculated
scores indicate superior image quality for the images re-
constructed with RISE. As expected, the reconstruction
quality of the three methods is degraded as the tempera-
ture difference T0 in the simulated phantom is decreased.
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TABLE III. CC, NMSE, SSIM, PSNR and CNR scores of the
RISE, ART, and MLEM images (shown in Figure 6) recon-
structed in the second simulation study (”Resolving of Tem-
perature Differences”).
T0 (
oC) RISE ART MLEM
3.0 CC 0.96 0.55 0.80
NMSE 0.03 0.89 0.47
SSIM 0.65 0.22 0.45
PSNR 28.60 16.93 12.90
CNR 6.32 2.33 3.30
2.0 CC 0.95 0.48 0.80
NMSE 0.05 1.18 0.48
SSIM 0.62 0.21 0.43
PSNR 26.78 17.95 13.24
CNR 6.28 2.07 3.41
1.0 CC 0.86 0.46 0.77
NMSE 0.16 1.35 0.53
SSIM 0.52 0.22 0.42
PSNR 23.80 18.98 14.01
CNR 5.04 1.71 2.50
For the case exhibiting the smallest difference in temper-
ature (T0 = 1
oC), the case with the most interest in this
simulation study, the highest CC and SSIM values ob-
tained for RISE show an improvement in image similarity
as compared to the corresponding CC and SSIM scores of
MLEM and ART images respectively. For the same simu-
lation case, the RISE reconstruction is shown to be supe-
rior concerning the hotspots detectability (CNR). RISE
led to a CNR which is 192% and 100% higher than those
calculated for the images reconstructed with ART and
MLEM respectively. Likewise, the NMSE value obtained
for RISE is more than two times less than those obtained
for ART and MLEM.
3. Non-uniform Background Distribution
Figure 7 compares the reconstructed images of the
phantoms ”C”, ”D”, and ”E” obtained with RISE, ART
and MLEM in the third simulation study. The calculated
metrics (CC, NMSE, PSNR, CNR, SSIM) comparing the
reconstructed images of the three methods are shown in
Table IV.
In the absence of background (phantom ”C”), as in-
dicated by the CC and SSIM scores, the RISE image
shows the highest spatial and structural similarity with
the true image. In this ”ideal” case of zero background,
RISE presents improved image contrast and hotspots de-
tectability as quantified via the PSNR and CNR respec-
tively. From Figure 7, it can be seen that the reconstruc-
tion quality of the three methods is affected by the intro-
duction of the non-uniform background in phantom ”D”.
As the image quality metrics also indicate it in Table IV,
both the structural similarity (SSIM) and the hotspots
detectability (CNR) are reduced for all three methods.
However, as compared to ART and MLEM, the scores
obtained for RISE show a superior performance which
leads to an acceptable hotspots detectability (CNR) and
a sufficiently high structural similarity (SSIM). Visually,
the four of the five hotspots of ”Phantom D” can be
identified in the RISE image, whereas it is hard to be
separated from the background in the images produced
with ART and MLEM.
Differences in image characteristics between the three
methods are also apparent in the reconstructions of phan-
tom ”E”. The combination of the non-uniform back-
ground with the small size of the hotspots simulated in
this case makes the reconstruction problem difficult. As
seen in Figure 7, the two hotspots cannot be observed
in ART and MLEM reconstructions. The RISE image
clearly shows the boundaries of the two hotspots which
can be easily separated from the background. From Ta-
ble IV, it can be seen that RISE yielded the highest spa-
tial (CC) and structural (SSIM) similarity scores while
it also led to the highest contrast (PSNR) and hotspots
detectability (CNR).
Overall, the results from the three simulation stud-
ies validate the reconstruction efficacy of RISE and in-
dicate good performance in cases of non-uniform - non-
symmetric background distributions. The model which is
employed in the method (Equation 8) to represent the im-
aged targets proves to be adequate to describe hotspots
exhibiting different radial intensity profiles. This feature
of the method proves to be beneficial in reducing the
amount of noise and improving the hotspots detectabil-
ity of the reconstructed image.
TABLE IV. CC, NMSE, SSIM, PSNR, and CNR scores of the
reconstructed images presented in Figure 7.
Phantom RISE ART MLEM
C CC 0.99 0.67 0.92
NMSE 0.02 0.50 0.13
SSIM 0.94 0.42 0.60
PSNR 29.68 15.31 21.24
CNR 5.39 1.66 3.28
D CC 0.98 0.56 0.83
NMSE 0.01 0.46 0.18
SSIM 0.82 0.36 0.49
PSNR 27.51 12.64 16.76
CNR 2.00 0.18 0.08
E CC 0.99 0.73 0.96
NMSE 0.01 0.27 0.20
SSIM 0.77 0.44 0.66
PSNR 29.46 13.98 15.31
CNR 3.68 0.33 0.43
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FIG. 7. Images reconstructed from the simulated projection data using RISE, ART, and MLEM. The phantoms used for the
simulation of the noisy sinograms are shown in the first column of the figure.
VI. EXPERIMENTS WITH A THERMAL
PHANTOM
The evaluation of RISE in IRET was further explored
using sets of thermal images captured from a thermal
phantom. In two experimental studies reported in [46],
sets of 24 infrared images were acquired from the phan-
tom using an infrared camera. In the present study, RISE
and the two conventional methods ART and MLEM
are examined in their capacity to reconstruct the tomo-
graphic images of the phantom temperature distribution.
The derived tomographs by the three methods were as-
sembled in stacks to visualize the 3D distribution of tem-
perature in the volume of interest.
A. The Thermal Phantom
The thermal phantom was constructed out of three
pairs of RA = 100Ω and RB = 47Ω resistors, alternately
configured to form the capital letter ’M’, with the two
middle resistors oriented out of the plane (Figure 8). The
resistors were connected in series and supplied with direct
current. A thermocouple monitoring the temperature of
the phantom was adjusted at the upper-left corner of the
configuration as it is shown in Figure 8.
Two experimental studies [46] were carried out with
the implemented hardware phantom:
A Zero Absorption Case. The thermal radiation was
captured as it was emitted directly from the resis-
tors with no intervening medium. The tempera-
ture of the phantom measured by a thermocouple
was comparable to the core temperature of humans
(38oC), and the environmental temperature mea-
sured at a distance of 5 cm from the phantom was
25oC. The set of infrared projections obtained in
this study was used to provide reconstructed im-
ages for visual comparisons.
B Absorption Case. The same configuration of six
resistors was placed in a conical vessel filled with
agarose gel of about 1 gr/ml concentration. The
inner diameter of the vessel was 40 mm (small di-
ameter) at its top surface and 65 mm at its bottom
surface (big diameter). The environmental temper-
ature was 25oC, and so was the temperature of the
upper-left resistor, kept at 38oC. In this study, we
examine the ability of RISE to reconstruct tomo-
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FIG. 8. (A) The thermal phantom constructed as a configuration of six resistors forming the deformed capital letter ’M’.
The temperature of the phantom was monitored by attaching a thermocouple at the point indicated by the black circle. (B)
The phantom was submerged in absorbing gel and imaged with an infrared camera from a distance of 15 cm. Planar images
(thermographs) of the phantom captured in the zero absorption (C) and absorption (D) experimental studies.
graphic images in absorption conditions degrading
the quality of the planar thermal images.
B. Data Acquisition
In both experiments, the phantom was placed on a
rotating table at a distance of 15 cm from the front of
the camera. A set of 24 infrared images of the phan-
tom, captured using a thermal camera (Thermovision
570, AGEMA Infrared Systems), were obtained in the
full range of 360◦ with an angular step of 15◦. The ther-
mal camera has a 24o × 18o Field of View (FOV) and is
characterized by 0.1oC thermal sensitivity; it operates in
the spectral range of 7.5 to 13 µm. The 24 planar images
(thermographs) were further sliced to provide a set of 15
sinograms, each one corresponding to a tomographic level
at a specific vertical offset. The extracted sinograms were
used as inputs in RISE, ART, and MLEM to reconstruct
the sets of 64× 64 tomographic images of the phantom.
C. Reconstruction Results
The reconstructed images obtained in the two experi-
mental studies, with and without absorption conditions,
are visually compared in Figures 9 and 10. The capability
of each method to reproduce the structure of the imaged
’M’ shaped object and to visualize the difference in tem-
perature distribution from the alternatively positioned
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FIG. 9. (A) The 3D reconstructions of the phantom obtained in the first experimental study (nil absorption conditions) with
RISE, ART, and MLEM. (B) Reconstructed tomographic images corresponding to the sectional plane indicated in the 3D
reconstructions with yellow color.
resistors were the two primary criteria for the evaluation
of the images.
All the three methods yielded reliable reconstructions
in the absorption free case (Figure 9) validating the IRET
methodology as described in Section III. From a visual in-
spection of the tomographic images reconstructed by the
three methods (shown at the bottom panel of Figure 9), it
can be seen that the alternation in temperature between
the 100Ω and 47Ω resistors is visualized in the RISE im-
age. This alternation in temperature cannot be observed
in the images reconstructed with ART or MLEM.
The RISE, ART and MLEM 3D volumetric images
of the phantom (shown at the top panel of Figure 9)
obtained by assembling the 2D tomographic images in
stacks indicate that all three methods successfully re-
solved the geometry of the phantom. In the case of RISE,
the structure of the phantom was visualized by surfacing
the volumetric data at the determined model radius pa-
rameter r0 (see Equation 9). In the case of ART and
MLEM, isothermal surfaces were extracted at half of the
maximum temperature to resolve the 3D shape of the
thermal phantom.
The tomographic images of the phantom produced in
the second experimental study (”Absorption Case”) with
the three methods are shown in Figure 10. For all three
reconstruction methods, images were obtained by using a
uniform attenuation coefficient κu = 0.23mm
−1 (Equa-
tion 6). From a visual inspection of the images produced
in this case study, it can be observed that the results ob-
tained with RISE are superior. ART images exhibit noisy
artifacts and provide limited information about the struc-
ture of the phantom. Compared to MLEM, the RISE im-
ages exhibit higher contrast and provide better approxi-
mations of the thermal sources. In the images produced
by the three methods, the difference in temperature from
the alternatively positioned resistors is not observed.
The 3D images of the phantom composed from the
sets of the reconstructed images by following the same
procedure used in the previous case (”Zero Absorption
Case”) are shown at the top panel of Figure 10. RISE
yields more reliable imaging of the ’M’ shaped phantom
and to a lesser degree MLEM, while ART fails. The
amplitude of temperature at the center of the phantom,
indicating the presence of the middle pair of resistors, is
more visible in the RISE result.
An additional 3D image of the phantom visualizing the
RISE reconstruction is shown in Figure 11. This volu-
metric image depicts the distribution of temperature on
the adjacent surface lying at a distance r0 from the cen-
ter of sources. The 3D reconstruction reveals a positive
13
c©2019. This manuscript version is made available under the CC-BY-NC-ND 4.0 license
http://creativecommons.org/licenses/by-nc-nd/4.0/
FIG. 10. (A) The 3D reconstructions of the thermal phantom produced with RISE, ART and MLEM in the second experimental
study introducing absorption conditions. (B) Reconstructed images corresponding to the tomographic planes indicated by the
yellow color as obtained with the three methods.
gradient in temperature which is observed across the ver-
tical axis (z-axis). This gradient is caused by the differ-
ence in the produced thermal energy between the upper
and bottom part of the phantom, comprising four and
two heaters respectively. It can also be observed that
compared to the RISE image obtained in the ”Zero Ab-
sorption Case,” the image obtained in this study with
the same method presents an over-sized representation
of the thermal sources. This difference can be under-
stood as resulting from the heated medium (agarose gel)
surrounding the resistors. A more precise image of the
heaters, if such a result is desired, would require the im-
plementation of a more sophisticated model that takes
into account heat transport effects. Such a forward model
can be implemented in the general framework of RISE to
accommodate the diffusion of infrared radiation within
the absorbing material.
The tomographic images of the hardware phantom pro-
duced by RISE compared to those of MLEM and ART,
demonstrate the suitability of RISE for Infrared Tomog-
raphy. These images should also be compared with the
planar thermal images (thermographs) of the phantom
(shown in panel D of Figure 8), which do not allow
any conclusions to be drawn for the thermal distribution
within the gel.
VII. CONCLUSIONS
In the work presented in this paper, the Infrared Emis-
sion Tomography (IRET) technique is revisited, and it is
shown that the use of the methodology employed in ioniz-
ing radiation tomography (e.g., PET or SPECT modal-
ities) is both justified and implementable. The IRET
methodology implemented with the widely used MLEM
and ART techniques yields satisfactory results, especially
in cases where attenuation and scattering effects are min-
imal. The RISE technique yields superior tomographic
images even in cases where medium modifications are
present.
Images from all three reconstruction methods were
evaluated using well-established metrics of the field. All
yielded acceptable tomographic results according to these
metrics although RISE images exhibit a significantly
higher structural similarity (SSIM) to the simulated dis-
tributions and improved hotspot detectability (CNR).
The three methods were also used to reconstruct tomo-
graphic images from experimental data obtained from a
thermal phantom imaged in nil and high absorption con-
ditions. In the case of absorption, which represents a
semi-realistic case simulating attenuation conditions in
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FIG. 11. The volumetric representation of the tempera-
ture distribution of the phantom was produced by assembling
the reconstructed tomographic images in a stack. The 3D
images were rendered in ParaView [47] using surfacing and
contouring visualization techniques. (A) A vertical section of
the entire volume of the phantom; (B) The distribution of
temperature on the surface of the thermal heaters.
the human body, RISE yielded an image that reliably
resolves the geometry of the phantom and visualizes the
gradient of the temperature distribution within the im-
age medium.
The robust methodology presented in this work speci-
fies how further refinements can be accomplished with the
inclusion of detailed modeling of non-uniform attenuation
and scattering effects. Following the reported success-
ful implementation of the RISE method in IRET further
expanded experimentation with phantoms and possibly
small animals is warranted to ascertain the potential of
this modality in medical imaging.
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